Latest advances in road profile sensors make the implementation of preemptive suspension control a viable option for production vehicles. From the control side, model predictive control (MPC) in combination with preview is a powerful solution for this application. However, the significant computational load associated with conventional implicit model predictive controllers is one of the limiting factors to the widespread industrial adoption of MPC. As an alternative, this article proposes an explicit model predictive controller (e-MPC) for an active suspension system with preview. The MPC optimization is run offline, and the online controller is reduced to a function evaluation. To overcome the increased memory requirements, the controller uses the recently developed regionless e-MPC approach. The controller is assessed through simulations and experiments on a sport utility vehicle demonstrator with controllable hydraulic suspension actuators. For frequencies <4 Hz, the experimental results with the regionless e-MPC without preview show a ∼10% reduction of the root-mean-square (RMS) value of the vertical acceleration of the sprung mass with respect to the same vehicle with a skyhook controller. In the same frequency range, the addition of preview improves the heave and pitch acceleration performance by a further 8 to 21%.
I. INTRODUCTION
T HE performance benefits of active suspension systems that account for the road profile ahead have been investigated and demonstrated by several authors ([1]- [4] ). Preview strategies for controllable suspensions are typically based on a feedforward disturbance compensation and a state feedback contribution. An industrial benchmark is the integrated feedforward-feedback scheme by Mercedes-Benz for ride height adjustment through hydraulic active suspension actuators ( [5] , [6] ). A wide range of preview suspension controllers has been proposed in the literature, including feedforward compensators [7] , fuzzy logic controllers [8] , gain scheduled controllers [9] , and neural network implementations [10] . Linear quadratic regulators (LQRs) and linear quadratic Gaussian controllers are frequently adopted optimal control strategies for preview suspensions, because of their simple formulations and the common assumption of linear suspension dynamics ( [11] - [17] ). H ∞ and H 2 /H ∞ controllers can deal with model uncertainties, external disturbances and parameter variations, e.g., the sprung mass variation depending on the vehicle load condition ( [18] - [21] ).
The idea of accounting for future disturbances from the road ahead and for system or actuator constraints fits well with the model predictive control (MPC) philosophy. Hence, several authors, e.g., [22] - [31] , proposed MPC implementations for preview suspension systems. Table I indicates the ride comfort benefits of various MPC suspension control implementations from the literature without and with preview, with respect to the passive vehicle and the same vehicle with a more conventional controller, such as an LQR or skyhook. To the best of our knowledge, the published work to date focused on conventional implicit model predictive control (i-MPC) implementations, in which the optimization is run online. This, in turn, requires This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ significant computational power and makes industrial implementations relatively difficult. As a consequence, most of the studies are limited to simulation-based assessments. The very few papers with experimental results either use highperformance processors [24] or very long sample times, i.e., 30 ms [23] , to allow real-time implementation of the controllers.
To facilitate the industrial adoption of MPC for active suspension control with preview, this article proposes an e-MPC approach ( [32] , [33] ). With e-MPC the optimization problem is solved offline for an assigned range of operating conditions. The first output of the optimal control sequence is stored as an "explicit" function of the states, and the online algorithm is reduced to a simple function evaluation. Hence, e-MPC requires a limited amount of online computational power compared to i-MPC, while providing similar performance and ability to handle constraints. On the other hand, the challenges of e-MPC are the increased design complexity and memory requirements. The latter issue is significantly mitigated by the recently developed theory of regionless e-MPC ( [34] , [35] ). Region-based e-MPCs-but not regionless e-MPCs-have already been implemented in simulation ( [36] - [39] ) on semiactive and active suspensions without preview. In a few cases, they have also been preliminarily experimentally validated ( [40] , [41] ). However, to the best of the knowledge of the authors, e-MPC has not been proposed so far for preview suspension control.
In summary, the contributions of this article are as follows.
1) The e-MPC formulation for active suspension systems with preview.
2) The adoption of the regionless e-MPC approach for suspension control. This facilitates the implementation at shorter time steps with respect to i-MPC, and reduces the memory requirements in comparison with the traditional region-based e-MPC. The proof-of-concept regionless e-MPC algorithm is assessed through vehicle simulations and preliminary experimental tests on a vehicle demonstrator equipped with four commercially available active suspension actuators.
II. INTERNAL MODEL FORMULATION
This article proposes a decentralized controller, i.e., based on an independent controller for each vehicle corner (see also Section III-D). As a consequence, a quarter car (QC) model (see Fig. 1 ) is used for the internal model of the MPC formulation
where u a is the actual force generated by the actuator; m 1 and m 2 are the sprung and unsprung masses; k 1 and c 1 are the vertical suspension stiffness and residual damping of the passive components; k 2 and c 2 are tire stiffness and damping; x 1 and x 2 are the sprung and unsprung mass displacements; and w 0 is the vertical displacement of the tire contact patch. For simplicity, the implementation of this article assumes c 2 ≈ 0. Usually, the main nonlinearity of a suspension system is due to the characteristic of the passive damper, which is absent in the specific plant. Moreover, the damping resulting from other passive suspension components (e.g., the bushings) is very small, so that c 1 can be considered negligible. Hence, the hypothesis of using a linear model in (1) is deemed acceptable.
The hydraulic suspension actuator, installed in the strut assembly, is modeled as a first order transfer function
where u is the actuator force demand, i.e., the system control input, and τ is the time constant of the transfer function.
The previous equations can be re-written into a continuous time state-space formulatioṅ
where x QC and y QC are the state and output vectors; A QC , B QC , C QC , and D QC are the system matrices; E QC is the road disturbance matrix; and t is time. y QC (t) contains the acceleration of the sprung massẍ 1 . The e-MPC uses a state feedback law. Hence, its performance depends on the accuracy and appropriate selection of the measured or estimated states. In the specific implementation, x QC (t) = [x 1ẋ1 x 1 − x 2ẋ1 −ẋ 2 u a ] T , i.e., x QC contains the position and speed of the sprung mass, the suspension displacement and deflection rate, and the actual actuator force.
In the controller implementation, the estimates of x 1 andẋ 1 are computed by high-pass filtering and integrating the vertical acceleration measurements of the vehicle body, through an algorithm already implemented on production vehicles with the same active suspension system of this article. x 1 − x 2 is obtained from the direct measurement of the active suspension actuator displacement and consideration of the suspension installation ratio, i.e., the ratio between the actuator displacement and the relative vertical displacement between the sprung and unsprung masses [42] .ẋ 1 −ẋ 2 is calculated through differentiation of x 1 − x 2 with the hybrid smooth derivative method [43] . u a is estimated from the measurements of the compression and rebound chamber pressures.
For preview control, the vertical road profile is modeled through a shift register, which is represented in discrete time form as ⎡
where k indicates the current time step. With simplified notations (4) can be rewritten aŝ
whereŵ = [ w 0 · · · w N ] T is the vector of the road system states, i.e., the road profile heights ahead of the tire, which consists of N points (see Fig. 1 ) equally spaced according to the time step Δt of the internal model; A r,d is the shift model matrix; y r (k) = w N (k + 1) is the disturbance input provided by the preview sensor measurement; and E r,d is the road system disturbance matrix. By augmenting the state vector to x(t) = [x 1ẋ1 x 1 − x 2 x 1 −ẋ 2 u aŵ ] T , applying zero-order-hold discretization of the QC model (3) to obtain the system matrices A QC,d , B QC,d , C QC,d , D QC,d , and E QC,d , and integrating the QC model with the road model (5) , the complete vehicle-actuator-road system, indicated by the subscripts s in the remainder, reads
which can be simplified into
III. CONTROLLER FORMULATION

A. System Prediction
Given the initial state, x(k), and the system in (7), the predicted output,ŷ, is calculated aŝ
where p and c are the number of steps corresponding to the prediction and control horizons, andû is the control input over c, i.e., the vector of optimization variables. (8) can be shortened toŷ
The state predictions,x, are computed with a similar method
where Λ, Θ u , Ψ, and Ω u are the resulting matrices.
B. Constrained Optimization and mp-QP Problem Formulation
A generic model predictive controller finds the optimal sequence of control inputs,û, that minimizes a cost function, J MPC , which depends onŷ,x, andû
where Q 1 , Q 2 , and R are weight matrices, F is a fulldimensional polyhedral set of appropriate dimensions, i is an integer, and p is the number of prediction steps, which defines the prediction horizon. By substituting the formulations of the output and state predictions (respectively (10) and (11)) into (13) , eliminating the terms not depending onû, and dividing by 2, the optimization problem becomes
The typical quadratic programming (QP) format is obtained through the simplification of (14)
where H, F , P , M 1 , and M 2 are constant matrices. The initial states of the system are included in x(k), the parameter vector. A conventional i-MPC would execute an online optimization at each time step for a given value of x(k), which is replaced by x in the remainder for the sake of brevity, and the control law would be implicitly obtained by the QP solver. In the e-MPC case, the optimization is performed offline, i.e., the QP problem is solved for the whole range of x, which explicitly generates u = u(x). The optimization problem becomes a multiparametric QP (mp-QP) problem, generally described as the minimization of the objective function with the constraints defined in (15) .
C. Objective Function
The key objective for ride comfort enhancement is the minimization of the vertical acceleration of the sprung mass. Additionally, the optimal solution has to consider the limitation of actuator displacement, chassis motion and wheel hop [44] . Hence, this article uses a cost function penalizingẍ 1 , x 1 − x 2 , x 1 , and x 2 − w 0 . The control effort u is also included to limit the actuation power consumption. The discrete form of the performance index to be minimized J MPC is
where the factors ρ i are the objective function weights, which define Q 1 , Q 2 , and R in (13) . In the specific implementation, the constraints are related to the actuator force and suspension displacement.
D. Decentralized Controller
To reduce the e-MPC generation time, memory requirements and implementation complexity, a decentralized control architecture is adopted, with one independent e-MPC at each vehicle corner. In fact, each QC-actuator-road model inherits only 5 + (N + 1) mp-QP parameters. In contrast, a centralized suspension controller would have to be based on a seven-degreeof-freedom (7-DOF) model to consider the vertical dynamics of the unsprung masses, the heave, pitch, and roll dynamics of the sprung mass, the actuator dynamics, and the road model for each corner. This would result in a considerably larger problem, with 18 + 4(N + 1) mp-QP parameters.
E. Regionless e-MPC
In the e-MPC implementation, the solution of the mp-QP problem in (15) is computed offline. The solution is the functionû * (x), which is piecewise affine and maps the parameter vector onto the sequence of optimal control inputs. The e-MPC uses only the control input at the first time step, i.e., u(x) = [ I 0 · · · 0 ]û * (x), and the online implementation reduces to a simple function evaluation.
In the region-based e-MPC [33] , the explicit representation of the control action is a piecewise affine state feedback law, defined by a partitioning of the state-space into m polyhedral critical regions
where L i , l i , S i , and s i are constant matrices that are stored in the control hardware. The benefit of this method is the reduction of the online computational requirements with respect to the more common i-MPC. On the downside, the method yields increased memory requirements, especially for systems with a large number of parameters, and significant offline calculations. The first point is a major issue of the region-based method applied to preview suspension control, in particular, if multiple preview points (i.e., e-MPC parameters) are included in the model in (4) .
To mitigate the weaknesses of the region-based e-MPC, this article adopts the recently proposed regionless e-MPC approach, described in [34] and [35] . The method does not need to compute or store the critical regions, defined by S i and s i . In fact, in the offline process all the possible active sets {A 1 , . . . , A N R } that can be locally optimal are considered through the extensive enumeration method in [45] , where N R is the number of regions. A linear program based on the Karush-Kuhn-Tucker conditions is solved to determine the feasibility of the candidate active sets. For each locally optimal active set the solution iŝ
where P A i includes only the rows of P indexed by the set of active constraints, and λ * represents the dual variables given by
with In the online implementation of the regionless controller, (18)- (19) are used to calculateû * , by finding the optimal active set for the current x from the list of locally optimal active sets. In particular, the optimal active set must fulfil the conditions λ * ≥ 0
The details of the online algorithm are reported in [45] . The resulting control action is identical to the one generated by the region-based e-MPC, i.e., the regionless and region-based implementations bring exactly the same results.
IV. CONTROL SYSTEM IMPLEMENTATION
A. Vehicle Demonstrator
The decentralized controller was implemented on a sport utility vehicle (SUV) demonstrator (see Fig. 2 ) with a hydraulic active suspension system-the Tenneco Monroe intelligent suspension, ACOCAR. At each vehicle corner, a pump pressurizes the hydraulic circuit of the actuator and thereby inputs energy into the system. The pressure level in the hydraulic chamber is modulated through the currents of the base and piston valves of the actuator, which is installed in parallel to an air spring. This actuation system mainly targets roll, pitch and primary ride control (see [46] , [47] for the definition of primary ride), i.e., it is designed for input frequencies <4 Hz, but usually causes degradation of the secondary ride comfort performance, i.e., for frequencies >4 Hz. The vehicle demonstrator has a double wishbone suspension on the front axle, and a multilink suspension system on the rear axle, with installation ratios of 0.7 and 0.76.
The relevant sensor set consists of the following: 1) three vertical acceleration sensors installed on the sprung mass, two of them located in proximity of the front bumper, and one in proximity of the rear bumper; 2) a three-degree-of-freedom (3-DOF) inertial measurement unit; 3) suspension displacement sensors; 4) a preview sensor, i.e., the solid state LiDAR XenoTrack, mounted on the roof of the car. A three-dimensional (3-D) model of the road ahead is constructed (i.e., a rolling carpet), and only the road profile heights directly in front of the wheels are sent to the e-MPCs. The accuracy and robustness of the preview road profile signal was guaranteed via appropriate high-pass filtering of the sensor outputs, a compensation algorithm of the sprung mass motion, and experimental tests to obtain the synchronization lag values.
All controllers and state estimators were installed on the dSPACE MicroAutoBox II system of the vehicle, which has a 16 MB flash memory. The regionless e-MPCs were integrated into the ACOCAR suspension control software framework to interface with the hardware. A low-level actuator management system calculates the reference currents for the compression and rebound valves, as well as the pump reference speed, as functions of u andẋ 1 −ẋ 2 . The current driver modules of the production suspension system feed the actuator valves and pumps.
B. Model Validation
Measurements of the ACOCAR vehicle demonstrator response on a four-poster test rig were used for the validation of two simulation models: a) a 7-DOF model for control system assessment, implemented in MATLAB/Simulink. This model considers heave, roll and pitch of the sprung mass, and vertical displacement of each unsprung mass, and includes a simplified model of the actuation system dynamics; and b) the internal e-MPC model, i.e., the QC model described in Section II.
The four-poster test rig was set up to emulate a typical ISO C-D ride comfort assessment road [48] . During the experiments, a fixed current of 0.4 A was applied to the piston and base valves of the actuators to maximize the size of the valve orifices, and, thus, achieve minimum damping.
The reported experimental values were calculated from the vertical acceleration and actuator displacement measurements, by using the state estimator of the ACOCAR suspension system. The time domain results were converted into the frequency domain, and are shown in Fig. 3 in terms of power spectral densities (PSDs). A good match between the 7-DOF model and the real vehicle is observed up to ∼15 Hz, which is in line with the model bandwidth. In particular, the 7-DOF model captures the resonance peak of the sprung mass at ∼1-1.5 Hz, and those of the unsprung masses at ∼10-12 Hz.
The e-MPC internal model in (1) was validated in a similar way, i.e., the front and the rear QC model outputs were compared with the experimental displacements of the suspension top mounts and wheels. A good level of modeling accuracy was achieved also in this case, as shown in Fig. 4 . The e-MPC internal actuator model in (2) was validated with actuator test rig data. For example, Fig. 5 shows the time histories of the force demand, measured force and simulated force for step-in and step-out force demand tests. A good match was achieved with τ = 50 ms, despite the simplicity of the model formulation.
C. Explicit Controller Generation and Implementation
According to the internal model formulation in (7), discretized at Δt = 10 ms, each controller is based on 8 mp-QP parameters, i.e., the four states of the QC model, one state for the actuator, and three states (N = 2) for the road profile ahead according to (4) .
Simulations on a ride comfort road and a speed bump were carried out to evaluate the independent and combined effects of p, i.e., the prediction horizon, c, i.e., the control horizon, and N , i.e., the number of preview points. It was verified that in the specific test scenarios the increase of p and c brings significant benefits. Therefore, p and c were assigned relatively large values, respectively, 8 and 6. On the contrary, N was tuned to be as low as possible, to reduce the required flash memory size (which strongly varies with N ) without significantly affecting comfort. At 50 km/h, the selected parametrization corresponds to a ∼0.3 m look ahead distance and a >1 m prediction distance.
An inequality constraint was applied to the actuator force magnitude, i.e., <9000 N. The tuning of the cost function (16) prioritized the reduction of the vertical acceleration and displacement of the sprung mass, by choosing greater values for ρ 1 and ρ 3 relative to ρ 2 and ρ 5 . ρ 4 was only used for a preliminary feasibility check in simulation, targeting the wheel hop reduction, while it was set to 0 in the experiments as wheel hop was not observed.
The mp-QP problems for the active suspension system with and without preview were solved with a custom version of the multiparametric toolbox 3 [49] that included the regionless solver RLENUMPQP. The solution was considered over a bounded partition of the state-space, with the following limits: ±0.1 m in body displacement; ±0.5 m/s in body velocity; ±0.15 m in suspension displacement; ±4 m/s in suspension velocity; and ±0.15 m in road displacement. Table II gives the comparison of the region-based and regionless algorithms, in terms of solution generation time and corresponding memory requirements, where the reduction of the latter is of the essence for the industrial implementation of the algorithm. In particular, the industrial partners of this article specified an upper limit of 1 MB memory to ensure applicability to a production-ready suspension system. As indicated by Table II , the regionless e-MPC achieves this specification for both configurations, with and without preview, which is an important outcome of this article. To meet the 1 MB memory specification at the vehicle level for the system with preview, and verify the system robustness with respect to the modeling uncertainty, the same regionless explicit solution was implemented on the front and rear suspensions, despite a marginal difference in their parameters. In contrast, the traditional region-based e-MPC solution obtained with the ENUMPQP solver meets the memory specification only for the nonpreview version, and significantly exceeds the limit when preview is included. Moreover, the online algorithm of the regionless e-MPC required, on average, only 0.09 ms run time (with a maximum of 0.2 ms) on the dSpace platform during a typical test. The short computation times therefore allow the implementation of the controller at almost any time-step used in automotive applications. With the regionless approach, the regions do not need to be calculated, but they can be reconstructred and visualized a posteriori. For the specific preview controller, the solution is a set of affine functions over 1099 polyhedral regions. Figs. 6 and 7 show two-dimensional (2-D) slices over the multidimensional state-space. Such representation of the explicit control law allows the formal analysis of the stability and robustness properties of the resulting controller. The figures also report the operating points of the system along a speed bump at 50 km/h. The analysis of the actual operating points of the vehicle in real maneuvers is useful to understand whether specific portions of the e-MPC control law can be adopted to formulate a simplified rule-based controller. 
D. e-MPC Stability
From a theoretical viewpoint, the closed-loop stability of the proposed e-MPC can be achieved by including the term x T (k + p)Zx(k + p) into the objective function (16) via (15) , where Z is the solution of the algebraic Riccati equation for the system in (7) , along with the constraint x(k + p) ∈ Θ, where Θ is a positive invariant set for the system. However, stability can also be achieved by appropriately choosing the state and input weighting coefficients ρ i in (16) . Typically, selecting the state weights significantly larger than the input weight ρ 5 helps to achieve a stable behavior of the closed-loop system, which is the tuning method used here.
In this article, the stability of the controller was verified through Monte Carlo simulations. The e-MPC strategy was tested in 1000 challenging scenarios, each set up with a different vehicle mass, speed and actuator response time. The simulations were performed over a 1-m long speed bump with a height that was also changed between runs. Fig. 8 shows the distribution of the randomly selected values of the four parameters. The controller was considered stable if the suspension deflections at each corner of the 7-DOF model did not exceed 5 mm, 3 s after the front axle hit the bump. Stability was achieved in all cases.
E. Benchmark Controller: Centralized Skyhook
A centralized skyhook algorithm [51] , already implemented and tested on the case study vehicle demonstrator, was used as the experimental benchmark for the decentralized e-MPCs. In the skyhook approach, the total sprung mass reference heave force F h , antipitch moment M p , and antiroll moment M r , are calculated as ⎡
where c h , c p , and c r are the skyhook damping coefficients for the heave, pitch and roll motions; andẋ s,est ,θ est , andφ est are the estimated heave, pitch and roll rates of the sprung mass. The matrix form of (23) is F sh = c sh V est , where F sh is the vector of the total skyhook force and moments, c sh is the matrix of the skyhook coefficients, and V est is the vector including the three speeds in (23) . In addition, F sh = Lu c,sh , where u c,sh is the vector of the skyhook actuation forces at the four corners, i.e., the outputs of the controller, and L is the matrix with the coefficients to calculate the resulting force and moments acting on the sprung mass. The terms of L include the geometric vehicle parameters, e.g., the front and rear semi-wheelbases h F and h R ; and track widths t F and t R . In the controller implementation, a pseudoinverse formulation is used to obtain the control action vector u c,sh
where the notations F L, F R, RL, and RR indicate the front left, front right, rear left, and rear right corners.
V. RESULTS
A. Simulation Results
The 7-DOF vehicle model was used for the virtual validation of the controllers along a ride comfort track, at a constant speed of 60 km/h. The analysis involved the regionless e-MPC implementations, including and excluding preview, and their performance comparison with the passive vehicle, i.e., the case study SUV without active suspensions. The simulations with the controllers were based on realistic data of next-generation suspension actuators with higher bandwidth than those installed on the real vehicle demonstrator, and under the hypothesis of perfect synchronization of the preview input with the actual road profile at the wheels. This set-up was chosen to assess the medium-to-long-term potential of the e-MPC preview technology. Fig. 9 reports the time histories of the heave, pitch, and roll accelerations for a section of the run. In particular, the passive set-up has a 3.96 m/s 2 peak heave acceleration, which is reduced to 1.91 and 1.26 m/s 2 for the e-MPCs without and with preview. Fig. 10 shows the results in terms of PSD profiles of the heave and pitch accelerations, while Table III reports the root-mean-square (RMS) values of the vehicle body accelerations a i,RMS for heave, pitch and roll, calculated as (26) where f is the frequency, and f 1 and f 2 are the boundaries of the considered frequency range. In the PSD plots, the benefits of the controllers are evident for the 0-15 Hz range. This confirms the appropriateness of the e-MPC designs for improving both primary ride and secondary ride. In particular, the e-MPC without preview reduces the a i,RMS values by more than 45% with respect to the passive vehicle, while the introduction of preview brings a further improvement, ranging from 19 to 35% depending on the considered acceleration.
The table also includes the RMS values of the heave, pitch and roll accelerations of the vehicle sprung mass, after the application of frequency weighting functions according to [52] . In particular, the heave acceleration is weighted more in the 4-8 Hz frequency band than in the other frequency ranges. The overall improvements brought by the e-MPCs are similar to those without frequency weighting and consistent with the results in Table I , which confirms the all-around effectiveness of the proposed controllers.
As the actuation dynamics represent an unmatched uncertainty in the system, ride comfort road simulations at 60 km/h were run to assess robustness with respect to the actuator time constant τ , which was varied up to 300 ms (six times the value for the available hydraulic actuators), while keeping the e-MPC tuned for the nominal τ . The results show that the controllers without and with preview perform significantly better than the passive set-up, and the active setup with preview always provides the best performance.
B. Experimental Results
The performance of the e-MPCs (excluding and including preview) was experimentally tested with the ACOCAR vehicle demonstrator (see Section IV-A) and compared to the car with the active skyhook controller (Section IV-E) and a passive suspension set-up. The passive set-up was obtained by applying fixed currents to the actuator valves to achieve a suspension tuning that is close to the one of the passive version of the SUV.
The experiments consisted of two tests carried out on the public roads of Sint Truiden (Belgium). The tests were repeated several times to verify the reliability of the measurements. Fig. 11 shows the time history of the heave position and pitch angle of the vehicle body for test 2. The results confirm the reduction of the sprung mass motion when negotiating the bump. For instance, the passive and skyhook bandwidth of the specific actuators. The roll acceleration results are omitted, as roll motion was not excited by these tests.
As expected, given the relatively low bandwidth of the specific actuators, the controlled set-ups mainly improve primary ride, i.e., the range of 0-4 Hz. For example, in this frequency range, the e-MPC without preview improves the RMS heave acceleration performance without frequency weighting in both tests by 11% compared to the skyhook. The addition of preview reduces the RMS accelerations by a further 10% and 12% in tests 1 and 2. The e-MPC without preview reduces the pitch accelerations by 17% and 7% in the two tests compared to the skyhook, while the preview adds a further benefit, i.e., 21% in test 1 and 8% in test 2.
The results are confirmed over the 0-15 Hz frequency band. For instance, the RMS values of the heave acceleration in the two tests are 0.95 and 1.61 m/s 2 for the passive set-up, while the e-MPC with preview reduces the values to 0.80 and 0.74 m/s 2 . In the same frequency range, the heave acceleration performance of the e-MPC with preview is consistently better than that of the e-MPC without preview; 4% improvement during test 1 and 12% improvement during test 2. Similarly, the preview reduces the RMS of the pitch motion by 16% and 4%. Moreover, the e-MPC without preview consistently outperforms the skyhook algorithm, e.g., by 9% in terms of heave acceleration. An important conclusions is that despite the decentralized architecture of the implemented e-MPCs, the associated vehicle performance improvement is evident also in terms of pitch acceleration. In fact, the RMS values of pitch acceleration with the skyhook controller are 14% and 6% higher than with the e-MPC without preview. This result is particularly remarkable considering that the skyhook controller includes a term directly targeting the pitch dynamics. Also, the level of technology maturity of its implementation on the vehicle demonstrator is significantly higher than that of the proposed e-MPCs.
In general, the RMS values of the heave and pitch frequency weighted accelerations of the vehicle sprung mass in the 0-15 Hz frequency range tend to generate more limited controller benefits in comparison with the non-weighted results. This is mainly due to the actuator bandwidth, and the fact that the frequency weighting functions were not accounted for in the cost function (16) nor in the tuning of the e-MPC parameters, which is the subject of future work. Nevertheless, the e-MPCs still show considerable benefits over the skyhook.
As a summary of the performance benefit, Tables IV and V also include the vibration total value a v i.e., an indicator that combines vibrations in multiple directions [52] a v = k 2 h a 2 h,RMS + k 2 p a 2 p,RMS 0.5 (27) where a h,RMS and a p,RMS are the RMS heave and pitch accelerations. k h and k p are the multiplying factors, both set to 0.4. In test 1, the skyhook reduces the a v indicator based on the frequency weighted accelerations by only 3% with respect to the passive vehicle, while the e-MPCs without and with preview outperform the production skyhook controller by 12% and a further 7%. In test 2, despite the already excellent performance of the skyhook, which provides a 37% improvement over the passive case, the e-MPCs without and with preview further reduce the vibration total value by 4% and 8%. Such preliminary experimental benefits are aligned with the literature in Table I , which is mainly based on simulation results, and encourage the further industrial development of regionless e-MPC for active suspension control.
VI. CONCLUSION
To the best of our knowledge, for the first time this article implemented a regionless e-MPC strategy for an active suspension system with and without preview. The activity allows the following conclusions.
1) The internal QC models of the decentralized e-MPC architecture provide a sufficiently good match with the experimental data, and can be considered simple yet appropriate formulations for suspension control design. 2) The regionless e-MPC with preview based on a QC model brings a memory requirement reduction by a factor of ∼30, compared to the corresponding region-based e-MPC.
3) The e-MPC simulation results with hydraulic actuators along a ride comfort road show reductions of the RMS values of the sprung mass accelerations in excess of 45% relative to the passive car, and a further benefit (up to 35%) is achieved with the addition of preview. 4) The preliminary experimental results along two speed bump road inputs on a vehicle demonstrator with active suspension actuators show that, compared to the more conventional skyhook, the e-MPC without preview improves primary ride performance-with reductions of primary ride vehicle body accelerations ranging from 7 to 17%. The addition of preview further reduces primary ride accelerations by 8 to 21%. All the evaluated e-MPC implementations improve the vibration total value in the 0-15 Hz frequency range, which indicates their overall ride comfort enhancement capability. Future developments will include the systematic optimization of the tuning parameters of the proposed controllers, and the assessment of centralized control approaches based on regionless e-MPC technology.
